Abstract-In this paper, a two-stage optimal charging scheme based on transactive control is proposed for the aggregator to manage day-ahead electricity procurement and real-time electric vehicles (EV) charging management in order to minimize its total operating cost. The day-ahead electricity procurement considers both the day-ahead energy cost and expected real-time operation cost. In the real-time charging management, the cost of employing the charging flexibility from the EV owners is explicitly modeled. The aggregator uses a transactive market to manage the realtime charging demand to provide the regulating power. A model predictive control-based method is proposed for the aggregator to clear the transactive market. The real-time charging decisions of the EVs are determined by the clearing of the proposed transactive market according to the real-time requests and preferences of the EV owners. As such, the aggregators decisions in the realtime EV charging management and regulating power markets can be optimized. At the same time, the charging requirements and response preferences of the EV owners are respected. Case studies using real world driving data from the Danish National Travel Surveys were conducted to verify the proposed framework.
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I. INTRODUCTION
T HE ELECTRIC vehicle (EV) markets of many countries have been growing rapidly in recent years [1] . A series of national plans and regional projects have been put forward to further promote the EV deployment [2] , [3] . The EV is considered as a promising alternative to conventional internal combustion engine (ICE) vehicles around the world because it can not only reduce the green house gas (GHG) emission from the transportation sector but also utilize excessive electric power from renewable energy sources (RESs) [4] .
Due to the great impact of the large-scale integration of EVs into the power system, it has attracted a lot of attention from both the industry and academia [5] , [6] . Particularly, the optimal EV charging scheduling have been widely researched in order to exploit the flexibility of the charging demand [7] . A number of optimal charging strategies of the EV aggregators were studied to minimize the charging cost and maximize the integration number of the charging EVs in [8] - [13] . The EV charging was optimized to limit the peak demand in the grid and fill the valley in [14] - [17] . Further, the optimal scheduling of the EV charging was studied in [18] - [20] to provide ancillary services including frequency regulation and spinning reserves to the grid. The study in [21] scheduled the EV charging demand to improve the system reliability of the distribution network. The optimal charging schemes of the EV aggregators were studied to address the congestion problems in distribution networks in [22] and [23] . In [11] , [24] , and [25] , the optimal EV charging was investigated to cope with the uncertainty from the RESs.
Valuable insights of the optimal EV charging in a variety of contexts were provided in previous studies. However, the existing optimal charging schemes are implemented with the charging control strategies directly distributed by the EV aggregator or fleet operator (FO), and the customers need to provide the aggregator or FO with detailed charging requirements including the charging energy and arrival/departure plans for the day-ahead or real-time optimization. In practice, there should be incentives for the EV owners to provide their charging flexibility. Specifically, the aggregator need to pay the EV owners for delaying the charging. Therefore, there is a cost of the aggregator to use the charging flexiblity of the EVs. In such schemes, the cost of the aggregator to employ the flexibility of the EV charging from the customers is not explicitly modelled. Moreover, each EV owner has different requirements on the charging and preferences for its response in practice. The charging requirements and response preferences of the EV owners should have the first priority and be respected by the control of the aggregator. Otherwise, the willingness of the customers to provide flexibility would decrease. Thus, an efficient EV charging framework is required by the aggregator so that the cost of employing the flexibility of the EV charging can be explicitly reflected and the EV oweners' own preferences can be respected. As such, the EV aggregator can consider the cost of employing the flexibility of the EV charging in its optimization. Meanwhile, the EV owners can get reimbursed based on their preferred rates for the responses and their charging requirements can be guaranteed. In order to meet such challenges, the EV aggregator is studied in this paper. A two-stage optimal charging scheme based on transactive control is proposed for the aggregator to manage day-ahead electricity procurement and real-time EV charging management.
The transactive control concept was proposed by a number of research groups and tested in a few pilot projects for the building and residential energy management. The pilot projects have shown positive results on the coordination of the distributed demand such as heat pumps (HPs), heating, ventilation and air conditioning (HVAC) system of buildings and household appliances [26] - [30] . Transactive control is generally defined as an incentive signaling approach utilizing an economic signal as the primary basis for communicating the desire to change the operational state of responsive assets [26] . Instead of direct control orders, the decisions in the transactive control approach are made based on values. Such decisions can either be analogous to or literally economic transactions. Transactive control is regarded as a kind of promising approach for the coordination of the responsive demand in the smart grids. It can fully utilize the response potential and has a certain system reaction while maintaining market efficiency and raising no privacy issue [31] .
The objective of the paper is to develop a decentralized pricing mechanism between the aggregator and EV owners to explicitly reflect the cost of using flexibility from EV owners. This problem has not been studied according to the knowledge of the authors.
In order to develop such a mechanism, the transactive control concept is adopted. A transactive market is established between the EV aggregator and EV owners. The actual charging control strategies of the EVs in real time are determined according to the clearing between the aggregator and EV owners in the proposed transactive market. The EV charging response mechanism in the proposed framework is customized to accommodate the interests of both the aggregator and EV owners.
The proposed transactive framework has a number of advantages compared to the existing EV charging models for EV aggregators. Firstly, with the proposed framework, the EV aggregator is able to consider the operation cost of employing the flexibility of the EV charging from the customers dynamically in the real-time operation. As such, the proposed model can avoid potential high cost from EV owners by abusing their charging flexibility. The aggregator is therefore able to maximize its surplus while the reimbursements to the EV owners account for their actual flexibility. Secondly, the different response preferences of the EV owners are respected by the real-time operation of the aggregator. An EV owner who is more flexible gets more reimbursements while a conservative EV owner has a faster charging and less reimbursement. The proposed framework allows the EV owners to offer the EV charging flexibility based on their preferences and get reimbursed accordingly. Thirdly, the EV owners do not have to provide the privacy information (e.g., their driving plans) to the aggregator in the proposed framework.
In summary, the proposed charging framework enables the EV aggregator to efficiently employ the flexibility of the EV charging and maximize its surplus in the real-time operation. Meanwhile, the willingness of the EV owners to offer their flexibility is fully respected.
The contributions of this paper are summarized as follows:
• Propose a transactive market model incorporating the cost of employing the flexibility from the EV owners for the aggregator to handle the real-time charging management of the EVs. With the proposed transactive market model, the aggregator is able to quantify the cost of employing the EV owners' charging flexibility so that it can optimize its decisions in the real-time operation. Meanwhile, the EV owners are able to decide their own charging requirements and response rates in the real-time transactive market to guarantee that their driving needs and response preferences are met.
• Propose a model predictive control (MPC) based method for the aggregator to clear the transactive market. With the clearing of the transactive market, the real-time decisions of the EV charging and volumes for the aggregator to participate in the regulating power market are determined while the charging requirements of the EV owners are respected.
• Propose a two-stage stochastic charging scheduling scheme based on transactive control to manage the EV charging for the day-ahead scheduling and real-time operation of the aggregator. The paper is organized as follows. The two-stage control framework of the EV charging for the aggregator is introduced in Section II. Particularly, the model of the transactive market organized by the aggregator to handle the flexible EV charging demand for the real-time operation is presented. The two-stage stochastic programming model of the electricity procurement in the day-ahead market for the aggregator is described in Section III. The MPC based method for the aggregator to clear the real-time transactive market is also described in the same section. In Section IV, the case studies are presented and discussed, followed by conclusions in Section V.
II. ENERGY MANAGEMENT FRAMEWORK FOR EV AGGREGATORS
In order to manage the EV charging for both day-ahead scheduling and real-time operation, an energy management framework is proposed for the aggregator as shown in Fig. 1 . The proposed framework includes two stage: the day-ahead stage and real-time stage. In the first stage, the aggregator conducts the day-ahead planning to determine its electricity procurement in the day-ahead market. The aggregator purchases the electricity in the day-ahead market by minimizing the electricity procurement cost and expected real-time operation cost of the EV charging. In the second stage, the aggregator organizes a transactive market with the EV owners and participates in the regulating power market when it is profitable in the real-time operation. In the transactive market, the EV owners submit the charging targets and response preferences of the current time interval. With the procured volumes in the day-ahead electricity market and prices of the regulating power market, the aggregator conducts the realtime optimization to determine the clearing price for the EV owners' responses in the transactive market and the volume to participate in the regulating power market of the current interval. With the clearing price of the transactive market, the response volumes of the EV owners in the interval are determined. The actual charging demand of the EV owners in the interval is determined by the proposed charging targets and the response volumes. The EV owners are reimbursed by the aggregator for their response volumes with the clearing price of the transactive market in the interval.
In the transactive market, the EV owners submit their charging targets and response curves of the interval. The response curve of the EV owners is illustrated by Fig. 2 .
When there are no incentives, the EV owners tend to charge the EVs as soon as possible till they are fully charged. By joining the transactive market, the EV owners offer the aggregator the permission to reduce their charging demand of the interval according to their own response curves. Thus, the actual charging demand in the interval is the targeted charging demand of the EV owners q tar v,t minus the reduced demand δ cl v,t as (1).
In every interval, the aggregator clears the market at a price λ cl t according to the real-time optimization and broadcasts the price to all the EV owners. The responses of the EV owners are determined according to their response curves and the clearing price as shown in Fig. 2 and (2). The coefficient θ v,t in (2) is the inverse of the response curve's slope, which is a customersetting parameter. A larger θ v,t means the EV owner is more willing to reduce the demand with the same clearing price.
When the clearing price of the market and reduced demand of the EV owners are determined, the cost of the EV charging for the EV in the interval is calculated as (3). It is equal to the charging electricity with the base charging price λ ba minus the reimbursement for the reduced demand with the clearing price of the transactive market in the interval.
In every interval, the EV owner can adjust its preferences in the transactive market. For example, an EV owner may decrease its response rate and be more conservative to provide flexibility due to the unexpected driving activity. In this case, the EV will have a lower reduced demand δ cl v,t by the clearing of the real-time market as (2) . As a result, the aggregator will reduce less of its charging demand and charge the EV faster in the interval to suit the needs of the EV owner as (1) . Accordingly, the EV owner will receive a lower reimbursement from the aggregator according to the clearing of the transactive market because its charging demand is reduced less than the original case. Thus, the proposed model encourages the EV owner to provide as much flexibility as possible to maximize his/her economic benefits. Meanwhile, the EV owner has the option to adjust its preferences in the real-time operation to secure its driving needs.
In order to provide a more flexible scheme for the EV owners, the response model can be extended to a piecewise linear one. The piecewise linear response curve of the EV owners is illustrated in Fig. 3 .
In this case, the responses of the EV owners are determined according to (4) .
where θ (4) are the inverse of the response curve's slopes set by the EV owners.
In order to provide the EV flexibility to the grid, the aggregator joins the regulating power market in the realtime operation when it is profitable. The proposed framework can be integrated into the real-time regulating power market, e.g., the real-time market framework proposed in Ecogrid EU project [32] . The real-time regulating power market operator calculates and broadcasts the real-time regulating price and price forecast of the following few intervals to call for the necessary upward/downward regulating power according to the needs of the system operator to handle the issues such as the imbalance and congestion. The market participant, which is the EV aggregator in this paper, responds to the prices and provides the upward/downward regulating power to the grid according to its own interest.
III. PROBLEM FORMULATION OF THE TWO-STAGE SCHEDULING MODEL FOR EV AGGREGATORS

A. Day-Ahead Planning of EV Aggregator
The day-ahead planning is conducted by the aggregator to determine its electricity procurement in the day-ahead market. For the aggregator, the day-ahead planning aims to maximize the aggregator's own profit considering the possible cost of utilizing the flexibility of the EV charging demand in the realtime transactive market. In the study, the EV aggregator is assumed to be a price-taker in the pool-based day-ahead market. The aggregator carries out its day-ahead planning with the forecast electricity prices of the market. The optimization problem of the aggregator can be formulated as a two-stage stochastic model as follows.
Subject to
where λ da is the vector of the electricity prices in the dayahead market; x = {x t : ∀t ∈ T } is the vector of the procured electricity by the aggregator in the day-ahead market; ω is the realization with respect to the EV driving pattern probability space ( , P); d v,t,ω denotes the driving distance of the EVs in scenario ω; μ v is the EV electricity consumption rate. The objective of the aggregator's day-ahead planning is to minimize its cost subjected to the daily energy balance constraint (6), with which the total energy procured in the day-ahead market is equal to the expected total driving energy consumption of the EVs in the following day. Specifically, the first term in the objective (5) is the cost of procuring electricity in the day-ahead market by the aggregator. The second term is the expected cost of the aggregator in the real-time operation, and the function Q(x, ω) can be expressed as follows.
where λ cl is the vector of the clearing prices in the realtime transactive market organized by the aggregator; δ v = {δ v,t : ∀t ∈ T } is the vector of the reduced demand of EV v according to the clearing of the transactive market; q v = {q v,t : ∀t ∈ T } is the vector of the charging electricity of EV v; λ rp is the vector of the regulating prices in the realtime regulating power market; soc v,ω = {soc v,t,ω : ∀t ∈ T } is the vector of the state-of-charge (SOC) levels of EV v in scenario ω; s v,ω = {s v,t,ω : ∀t ∈ T } is the vector of the EV charging availability indicators, s v,t,ω shows the status of EV v at time t in scenario ω. It is equal to 1 when the EV is parked and available for charging, and is equal to 0 when the EV is not available for charging, e.g., when it is being driven on the road; B v is the EV battery capacity. The second stage objective (7) minimizes the expected cost of the aggregator in the real-time operation subject to the charging requirements of the EVs. The first term in the objective (7) is the cost of the aggregator to reduce the EV charging demand of the EV owners in the transactive market. The second term is the EV charging revenue of aggregator from the EV owners. The third term is the balance of the aggregator to participate in the real-time regulating power market. For the SOC limit constraint (8), the SOC levels of the EV batteries are within the specified range with the charging plan. In each time interval, the SOC levels of the batteries are calculated through the charging energy and driving energy consumption of the EVs as (9). For the charging energy limit constraint (10), the EV charging energy is constrained by the maximum power limit and the EV charging availability. The charging energy flow is constrained unidirectional by (11) as the V2G technology is not considered in the study.
The clearing prices λ cl and reduced demand δ v in the first term of the second stage objective (7) are determined in the real-time transactive market organized by the aggregator according to the response preferences of the EV owners as Fig. 2 and (2) . The individual EV owners' real-time response preferences are not available to the aggregator in the day-ahead planning optimization. Nevertheless, the aggregator is considered to be able to estimate the cumulative response rates of the EVs in the planning horizon when the number of EVs is considerable. The relation of the cumulative reduced demand and the clearing price in the transactive market can be modelled with a linear function as (12) . ω in (12) is a diagonal matrix with positive elements, which are the cumulative response rates of all the EV owners while ζ ω is the vector of the residuals. The elements of ω and ζ ω are learned by aggregator with the historical data.
In practice, it is difficult for the aggregator to accurately forecast the real-time regulating prices during the planning one day ahead. The precise prediction of the regulating prices λ rp in the real-time regulating power market are assumed not available to the aggregator in the day-ahead planning optimization. When the system is operated neutrally, the regulating prices have a symmetric distribution around the day-ahead spot prices [33] , [34] . Therefore, the expected electricity prices in the real-time regulating power market equal the day-ahead spot prices in the same time interval. However, the distribution may have a high variance depending on the operation status of the system. Using the spot prices in the day-ahead market directly as the regulating prices in the optimization would minimize the expectation of the aggregator's objective but also increase the risk of a high cost for the aggregator in the real-time operation. In order to limit the risk of the aggregator in the real-time regulating power market, a penalty term is added in the second stage objective as (13) to constrain the possible deviation of the real-time charging consumption from the day-ahead energy plan.
Therefore, the optimization for the day-ahead energy planning of the aggregator can be formulated and solved using the following quadratic programming model.
As the solution of the quadratic programming problem above, the minimal of the model x gives the day-ahead planning of the aggregator by minimizing its total cost in the day-ahead market and the expected cost of the real-time operation minus the charging revenue from the EV owners. The total reduced demand of the EV owners are restricted to the gaps between the maximum energy levels and the actual energy levels of the EVs which are available for charging in the interval as (20) . The EV aggregator, which can be the operator of a charging station or a parking lot with charging infrastructures or a cluster of charging piles in a residential area, is viewed as a single node to the external grid. In the case when the distribution system congestion occurs, the distribution system operator (DSO) may use the pricing signals, e.g., dynamic tariffs or distribution locational marginal prices to alleviate the congestion [22] , [35] , [36] . The pricing signals can be directly applied in the day-ahead prices λ da or regulating prices λ rp in the aggregator's optimization. Thus, they are not explicitly expressed in the formulation.
B. Real-Time EV Charging Operation of EV Aggregator
For each interval in the real-time operation, the aggregator organizes a transactive market with the EV owners as described in Section II. The EV owners send their own charging targets and response curves to the aggregator. The aggregator clears the market according to the prices in the regulating power market and response preferences of the EV owners. The aggregator announces the clearing price of the transactive market to the EV owners. Meanwhile, the charging demand and costs of the EV owners in the interval are determined according to the clearing price as (1) and (3).
During the real-time operation, the full information is available to the aggregator which includes the charging targets and response curves of the EV owners, as well as the regulating prices in the real-time regulating power market of the current interval and the regulating price forecast of the following few intervals. With the available information, the aggregator clears the transactive market with the EV owners in order to determine the real-time control decisions of the EV charging. A MPC based approach is proposed for the aggregator to clear the transactive market in the real-time operation. As one of the most widely accepted modern control strategies, MPC naturally deals with the disturbances and uncertainties of the system [37] . In each time interval, the MPC based approach minimizes the aggregator's cost of the current interval t and the expected costs of the following intervals in the prediction horizon H = {t + 1, t + 2, . . . t + H} as (21) . Only the charging strategy of the current interval will be implemented by the aggregator to clear the transactive market with EV owners. The solutions for the following intervals will be kept on hold. In the following interval, the aggregator updates the available information, conducts the optimization with the MPC based approach again and implements the decisions of the interval. The aggregator keeps performing the process to update the real-time decisions for the EV charging along the time.
The cost of the current interval f (q v,t ) is expressed as (22) . The first term is the cost to reduce the EV owners' demand according to the clearing of the transactive market, the second term is the charging revenue from the EV owners, and the third term is the balance of the aggregator to participate in the regulating power market.
Meanwhile, f ( q v,ω ) is expressed as (23) . It is the total expected operating cost of the aggregator in the prediction horizon from interval t + 1 to t + H. The response preferences of the EV owners in the future intervals are not available to the aggregator. Thus, the empirical cumulative response of the EV owners is applied to estimate the cost of reducing the demand of the EV owners in the prediction horizon as the day-ahead planning. q v,ω is the vector of the estimated charging decisions of EV v in the prediction horizon for scenario ω, and accordingly λ cl,ω is the vector of the estimated clearing prices of the transactive market in the prediction horizon. Although q v,ω and λ cl,ω are obtained from the solution of the optimization problem (21), it will not be implemented directly in the charging but will be updated in the optimization of the following interval when new information is available.
For the EV charging of the current interval, the charging strategy meets the charging requirements and response preferences of the EV owners with constraints (24)- (30) . The charging requirements constraints are maintained as (24)- (27) according to the realized EV driving patterns. The response of the EV owners in the real-time transactive market is modelled by (28) 
When the piecewise linear response model as shown in Fig. 3 is applied, constraints (28) - (29) should be modified as follows accordingly.
v,t ∈ {0, 1} ∀v ∈ V For the EV charging of the intervals in the prediction horizon H, the estimated charging strategies meet the driving requirements and response preferences of the EV owners with constraints (31)- (35) . soc v,ω = { soc v,τ,ω : ∀τ ∈ H} is the vector of the estimated SOC levels of EV v in the prediction horizon for scenario ω. They should be within the specified range with the estimated charging decisions. Equation (36) is the equality terminal constraint for the MPC based approach. The expected average SOC level of the EVs at the end of the prediction horizon is equal to the expected average SOC level of the EVs by the day-ahead planning of the aggregator.
In each time interval, the new information of the driving patterns of the EVs, the response preferences of the EV owners and the prices in the regulating power market become available to the aggregator. The aggregator updates the data and solves the optimization problem (21) subject to the constraints (24)- (36) . Accordingly, the transactive market is cleared with the solved price λ cl t between the aggregator and EV owners, and the EV charging demand of the interval q v,t are determined.
IV. CASE STUDIES
In order to demonstrate the efficacy of the proposed method, case studies were carried out. The details of the case studies are described in this section.
A. Parameters in the Case Studies
The cases of an aggregator of a parking lot with 200 EV charging customers were performed in the case studies. The driving patterns of the EVs were obtained from the real driving data of the Danish National Travel Surveys [38] . The key parameters of the EVs are listed in Table I .
The electricity prices in the day-ahead market and regulating prices in the real-time regulating power market were obtained from the historical data of the Nordic power market (NordPool) as shown in Fig. 4 [34] . The base electricity price for the EV charging is set to be 1 DKK/kWh. Four types of EV owners were assumed in the case study: most conservative, less conservative, less flexible and most flexible. They were indicated as group 1-4 and assigned with different response rates in the case study. The response rate θ v of the EVs in Group 1 to 4 were 400, 800, 1200 and 1600 kWh 2 /DKK, respectively. It indicates that the EV owners in Group 4 are willing to reduce more charging demand than the other three groups while Group 1 is less willing to reduce the demand in the transactive market.
Three scenarios were carried out in the case studies. Scenario 1 and 3 shows the case when the actual driving patterns of the EVs in real time fluctuate slightly around the expected driving patterns of the probability space in the aggregator's optimization. Scenario 2 shows the case when the actual EV driving patterns highly deviates from the expected driving patterns. Fig. 5 shows the mean values of the cumulative driving distance of the EVs in the case studies. The average cumulative daily driving distance per EV of Scenario 1 is about 41.77 km. This number of Scenario 2 is about 48.41 km, which is about 15.5% higher than the expected value.
In scenario 1 and 2, the linear model for the EV response is used in the simulations. The piecewise linear model for the EV response is used in Scenario 3. In Scenario 3, the response rates θ s 1 v,t in the first segment of the EV response curves are the same as the case in Scenario 1. However, the response rates θ s 2 v,t in the second segment of the EV response curves are half of the values in Scenario 1, which means a higher clearing price is needed for the same amount of response from the EVs. The connection of the two segments is set at 1kWh in Scenario 3. It shows a case that the EV owners are more open to offer flexibility when the response demand is low. When the response demand is high, they become more conservative and ask for a higher reimbursement.
B. Case Study Results
The total demand of the day-ahead planning and real-time EV charging demand of Scenario 1 is shown in Fig. 6 . As shown in the figure, the real-time charging demand at hours 2 and 3 shifts to hour 4 due to the increased regulating prices at hours 2 and 3 when the system is stressed and needs upward regulating power. With the high regulating prices in the period, the real-time control of the EV charging is able to reduce the charging demand and delays the charging to the period when the system is less stressed. Similarly, the real-time charging demand is reduced at hours 13-15 due to the high regulating prices in the period. On the other hand, the regulating prices are much lower than the day-ahead spot prices at hours 9, 17 to 21. The system is with excessive generation and needs downward regulating power during the period. The realtime control increases the charging demand due to the lower SCENARIO 1 regulating prices. It should also be noted that a peak demand was generated at hour 4 due to the steep regulating power prices in the first three hours. For the case of EV charging, the reduced charging demand need to be compensated in a different period so that the driving energy consumption can be met. If the day-ahead and regulating power markets result in the peak demand that causes the violations of the distribution system network constraints, extra congestion management will be implemented by the DSO to limit the peak demand. In this case, the control strategy of the aggregator would be changed. It was assumed in the case study that the network constraints of the distribution system were not violated, and the extra congestion management from the DSO is not implemented.
Besides the proposed transactive control based charging (TCBC), the uncontrolled charging (UC) and optimal charging using direct control (OCDC) of Scenario 1 were also carried out for comparison. The surplus of the aggregator with different charging schemes in Scenario 1 is shown in Table II .
It is shown that with the proposed transactive control based charging strategy, the aggregator has the maximum surplus. It provides a flexible strategy for the aggregator according to the response preferences of the customers available in real time. For the uncontrolled charging, the EV owners charge the EVs without any response to the aggregator. In this case, it results in a high electricity procurement cost. For the optimal charging with direct control from the aggregator, it is assumed that the EV owners provide the aggregator with the precise forecast of the driving patterns along the day and full charging control permission of their EVs. In this case, the aggregator is able to minimize the cost of the energy procurement. However, without considering the cost to employ the flexibility of the EV charging, the reimbursement to the customers rises greatly in this case. It is worth noting that the reimbursement to customers are assumed to be determined bilaterally between the aggregator and customers with the same response rates as those in the transactive control case. However, due to the fact that the customers offers the full charging control permission of their EVs under the direct control of the aggregator, the customers shall tend to ask for a higher reimbursement for the flexibility. It will further reduce the surplus of the aggregator. When the customers' response rates are zero, the proposed transactive control based charging strategy becomes the uncontrolled charging. On the other hand, when the customers' response rates are infinite, the proposed transactive control based charging strategy has the same result as the optimal charging strategy with direct control. The proposed method offers the aggregator the optimal charging strategy between the two ends dynamically according to the response preferences of the customers.
With a higher response rate, the customer is more willing to offer the flexibility. It results in a higher reimbursement and therefore a lower charging cost. The box plot of the charging prices for the customers with the reimbursement in the realtime transactive market is shown in Fig. 7 . As shown in the figure, the customers with higher response rates end up with obviously lower average charging costs. The proposed method is able to quantify the reimbursement according to the contribution of the customers to provide the flexibility. It encourages the customers to increase the response rates and offer more flexibility. It should be noted that, with a higher response rate, the customer tends to have a lower SOC level of the EV. It will impact the customer's sense of the driving endurance security. Therefore, the customers will determine their response rates according to their own confidence of the driving endurance security instead of a unified response rate of all the customers. The proposed method enables the aggregator to recognize such distinction of the customers and reimburse the customers according to their own contribution to the flexibility.
In order to illustrate the performance of the proposed approach in handling the uncertainties from the EV driving patterns, Scenario 2 was conducted with a realization of the real-time EV driving patterns highly deviating from expected EV driving patterns in the aggregator's optimization. The real-time EV charging demand of Scenario 2 is shown in Fig. 8 .
Due to the longer driving distance of the EVs in Scenario 2 as shown in Fig. 5 , the EV charging requirements of Scenario 2 is higher than Scenario 1. However, as shown in Fig. 8 , the real-time charging demand in Scenario 2 mainly increases at hour 18 when the regulating price is low and the power system needs the downward regulation. Such behaviour of the realtime control reduces the need of the system for the downward regulating power at the moment. With the uncertainties of the EV charging requirements in real time, the proposed transactive control based approach for EV charging is able to adjust the charging in favour of the system's need while meeting the preferences of the customers. No violation of the realtime EV driving requirements occurs in Scenario 2 because the charging decisions are determined according to the clearing of the transactive market based on the customers' requests and preferences.
The results of Scenario 3 shows the case with the piecewise linear model. The real-time EV charging demand of Scenario 3 is shown in Fig. 9 . As shown in the figure, the majority of the EV charging demand in Scenario 3 is very close to the case of Scenario 1. However, less charging demand is postponed in Scenario 3 which means the EVs are charged faster. It is due to the lower response rates in the second segments of the piecewise linear model in Scenario 3. Compared to Scenario 1, the EV owners ask for higher reimbursements when the response demand is high in this case. As a result, the aggregator tends to complete a proportion of the charging as soon as possible to limit the reimbursements to the EV owners. The solution of the aggregator respects the higher reimbursement requirements of the EV owners in the second segment of the piecewise linear model according to the clearing of the transactive market.
V. CONCLUSION
In this paper, a two-stage optimal charging scheme based on transactive control is proposed for the aggregator to manage day-ahead electricity procurement and real-time EV charging management. With the advantages of the transactive control and MPC, the proposed framework for the EV aggregator is able to consider the cost of employing the flexibility from the customers quantitatively. It offers the aggregator the optimal charging solution based on the preferences of the customers dynamically in real time. It handles the uncertainties from the driving patterns of the customers without the privacy issues in the real-time charging control. It also finds the profitable options for the aggregator to participate in the regulating power market to support the grid. Meanwhile, the benefits for the customers to provide their flexibility are explicit and intuitive with the proposed approach. The reimbursement and reduced charging demand of the customers are determined by the clearing of the real-time transactive market according to their charging requirements and response preferences in every interval. Further, the customers are able to determine the degree to offer the flexibility by adjusting their own preferences in the real-time transactive market, and the outcome of the real-time control is certain for both the aggregator and customers with the clearing of the transactive market.
In the study, the market power of the EV aggregator and uncertainty of the power market are not considered in the optimization of the aggregator. The implementation of the bidding strategies for EV aggregators [39] - [42] in the proposed transactive charging control framework will be investigated and compared in our future work. Meanwhile, the impacts of the real-time charging strategies on the EV owners' price-response settings are not considered in the study. A more sophisticated model of the real-time charging strategies' impacts on the EV owners' price-response preferences are therefore left for our future work when there is enough data from the practice or response surveys of the EV owners.
